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Steel nitriding is a thermo-chemical process leading to surface hardening and improvement in fatigue properties. The process is strongly
inﬂuenced by many different variables such as steel composition, nitrogen potential, temperature, time, and quenching media. In the present study,
the inﬂuence of such parameters affecting physic-chemical and mechanical properties of nitride steels was evaluated. The aim was to streamline the
process by numerical–experimental analysis allowing deﬁning the optimal conditions for the success of the process. Input parameters–output results
correlations were calculated through the employment of a multi-objective optimization software, modeFRONTIER (Esteco). The mechanical and
microstructural results belonging to the nitriding process, performed with different processing conditions for various steels, are presented. The data
were employed to obtain the analytical equations describing nitriding behavior as a function of nitriding parameters and steel composition. The
obtained model was validated, through control designs, and optimized by taking into account physical and processing conditions.
& 2015 Society of CAD/CAM Engineers. Production and hosting by Elsevier. All rights reserved. This is an open access article under the CC BY-
NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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The deep analysis of industrial processes necessitates the
employment of computational multiobjective optimization tools.
Optimization instruments allow integration with multiple calcula-
tion tools and post-processing tools. modeFRONTIER platform
allows the organization of a wide range of software and an easy
management of the entire product development process. The role
of the optimization algorithm is to identify the solutions which lie
on the trade-off curve, known as the Pareto Frontier. These
solutions have the characteristic that none of the objectives can be
improved without prejudicing another. Here, Design of Experi-
ment (DoE) technique is used to perform a reduced number of
calculations. After that, these well-distributed results can be used
to create an interpolating surface. This surface represents a meta-
model of the original problem and can be used to perform the
optimization without computing any further analyses.
Once data has been obtained, the user can turn to the
extensive post-processing features in modeFRONTIER to
analyze the results.10.1016/j.jcde.2015.08.002
15 Society of CAD/CAM Engineers. Production and hosting by Els
://creativecommons.org/licenses/by-nc-nd/4.0/).
under responsibility of Society of CAD/CAM Engineers.Not so many papers are available in literature on the analysis
on thermo-mechanical diffusion processes of nitriding based
on Fick's laws model. In the present paper the behavior of
nitriding process, performed on different steels (40 different
materials) in a broad range of processing parameters (600
experimental conditions), is analyzed. The study leads to the
description of the nitriding effect on the steel structures and
mechanical properties. In [1] the authors give a mathematical
description to predict the nitrogen contents as well as residual
stresses and distortions after nitride quenching. The model was
implemented in ﬁnite element calculations in order to identify
the concentration proﬁles. They concluded that the interactions
between diffusion of nitrogen also need to be established. In
general, the hardening of steels during nitriding process is due
to the N-based compounds precipitation [2]. The precipitation
sequence is also strongly inﬂuenced by the compounds time
formation. Several nitrogen mass transfer mechanisms have
been proposed to describe the nitrides precipitation process. In
[3], the authors analyzed the nitriding process by employing
the Mullins–Sekerka equations on the interface separating a
growing nitride layer in pure iron. They showed that a plane
interface is unconditionally stable due to the favorableevier. All rights reserved. This is an open access article under the CC BY-NC-
Nomenclature




N_xxx nitrogen concentration at xxx μm from the surface
εs distance from the surface of the starting point of
ε phase
εf distance from the surface of the ending point of
ε phase
γ0s distance from the surface of the starting point of
γ0 phase
γ0f distance from the surface of the ending point of
γ0 phase
Hv_xxx microhardness at xxx μm from the surface
σ_xxx residual stresses at xxx μm from the surface
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centration ﬁelds. This result is speciﬁc to the nitriding
conﬁguration where the net ﬂux of nitrogen is in the growth
direction. The inﬂuence of compositional and misﬁt generated
stresses on the morphological stability has been discussed
qualitatively. For these reasons, in the present paper, a large
attention vas devoted to the measurement and the control of
compound layers and on their effect on mechanical properties.
Other authors described results of simulations of diffusional
process of nitrogen on pure iron. They underline the effect of
nitriding potential of NH3–H2 atmosphere on microstructural
constitution and growth kinetics of nitride layers. They
demonstrate that both microstructural nature and thicknesses
of nitrided layers as well as the nitrogen proﬁle within the
formed phases during gas nitriding can be predicted [4,5]. In
[6], a generalized Wagner diffusion model was used to analyze
the layer formation and growth in deﬁnite experiments on
plasma nitriding of pure iron. The model is able to predict the
compound layer composition. It can be used as a method for
calculation of the effective diffusion coefﬁcients in the ﬁrstFig. 1. Workﬂow of analysis describsublayer of the compound zone. The thickness of the com-
pound layer and the diffusion zone as well as their phase
composition and the consequent mechanical properties
depends on the nitriding temperature and time. It also depends
on the nitrogen activity of the medium in which the nitriding
process is taking place. In addition such chemical–physical
processes depend on the state of the material before nitriding
[7]. For this reason, in the present multi-objective optimization
analysis the state of the material (in particular the heat
treatment temperature) before nitriding was taken into account.
In [8] the authors modeled the nitrogen decomposition on the
steel surface as a consequence of processing parameters. In [9]
the authors evidence the nitride layers formation in high
temperature gas nitriding of stainless steel. In [10,11] other
authors underline the nitriding properties of steel after treat-
ment at high temperatures up to 1050 1C. In [12] the authors
model the process through ﬁnite element analyses by employ-
ing microstructural data obtained from X-rays diffraction
measurements. The same methods for microstructural evolu-
tion monitoring are described in [13]. The method is largelying the input–output correlation.
Table 1
Composition of some of the steels analyzed in the present study.
Steel C (%) Si (%) Cu (%) Mn (%) Cr (%) Ni (%) Mo (%) Al (%) Ti (%) V (%) Nb (%) S (%) Co (%) W (%) N (%) P (%)
AISI1020 0.2 0.8 0 0.9 13 0 0 0 0 0 0 0.02 0 0 0 0.01
15CrMoV5-9 0.05 0.6 0.8 1.1 18.3 8.5 0 0 0.01 0 0 0.01 0 0 0 0.01
AISI5115 0.16 0.28 0 1.15 0.95 0 0 0 0 0 0 0.01 0 0 0 0.01
25CrMo20 0.25 0 0 0 5 0 0.2 0 0 0 0 0.01 0 0 0 0.015
31CrMo12 0.3 0.3 0 0.7 3.2 0 0.35 0 0 0 0 0.01 0 0 0 0.01
32CrMoV13 0.28 0.35 0 1.54 0.26 0 0 0 0 0.11 0 0.012 0 0 0 0.015
34CrNiMo6 0.38 0.26 0 0.7 0.8 0.7 0.22 0 0 0 0 0.01 0 0 0 0.02
34CrAlNi7 0.34 0 0 0 1.7 1 0.2 1 0 0 0 0.01 0 0 0 0.01
39NiCrMo3 0.4 0.3 0 0.7 1 1 0.2 0 0 0 0 0.02 0 0 0 0.01
42CrMo4 0.38 0.4 0 0.65 1.2 0 0.15 0 0 0 0 0.015 0 0 0 0.015
50VCr11 0.45 0.5 0 1 11 0.7 0 0 0 0.3 0 0.03 0 0 0 0.03
AISI304 0.05 0.56 0.8 1.12 18.3 8.5 0 0 0.01 0 0 0.012 0 0 0 0.013
AISI316L 0.07 1.00 0 2.00 17.50 12.00 2.00 0 0 0 0 0.03 0 0 0 0.05
X6Cr17 0.08 0 1 1 17 0 0 0.3 0 0 0 0.015 0 0 0 0.04
AISI410 0.12 1 0 1.5 13 0.75 0 0 0 0 0 0.015 0 0 0 0.04
AISI431 0.2 0.8 0 0.8 16 2 0 0 0 0 0 0.02 0 0 0 0.015
AISI4140 0.4 0.5 0 1.1 1 0 0.2 0 0 0 0 0.04 0 0 0 0.035
AISI4340 0.4 0.25 0 0.7 0.8 1.85 0.25 0 0 0 0 0.02 0 0 0 0.015
AISI7140 0.42 0.3 0 0.55 1.6 0 0.38 1 0 0 0 0 0 0 0 0
H10 0.36 0.39 0 0.32 2.96 0 2.86 0 0 0.41 0 0.002 0 0 0 0.03
H11 0.42 1.22 0 0.49 5.1 0 1.27 0 0 0.44 0 0 0 0 0 0
H12 0.36 0.87 0 0.43 5 0 1.7 0 0 0.33 0 0.01 0 1.15 0 0.01
H13 0.37 1 0 0.45 5.33 0.08 1.24 0 0 0.83 0 0.015 0 0 0 0.01
Table 2
Example of nitriding input parameters employed in the present study.
Steel TH (1C) Np (%) TN (1C) tN (h)
AISI1020 550 12 350 0.5
15CrMoV5-9 433 26 430 179
AISI5115 170 6 510 50
25CrMo20 600 3 520 1
31CrMo12 570 3 520 30
32CrMoV13 600 1.5 550 100
34CrNiMo6 571 14.4 510 176
34CrAlNi7 600 1.2 500 3
39NiCrMo3 552 5.6 1180 40
42CrMo4 600 1.3 550 6.5
50VCr11 420 3 520 1
AISI304 20 10 580 5.5
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[16–18] the authors analyze the microstructural evolution of
nitride layers through X-ray diffraction and model the nitriding
behavior of H13 tool steel through ﬁnite method. In [19,20] the
authors modeled the nitriding behavior through the analyses of
compound layers thickness. The aim of the present paper is the
complete experimental–numerical analyses of nitriding pro-
cess. The model is developed to design a platform capable of
analyzing the best conditions to reach high performances of
nitride components. In addition, it can be used to design a
speciﬁc steel capable to be nitride in order to reach speciﬁc
performances under ﬁxed processing conditions. The strength
of the analyses is due to the large quantity of data employed to
develop the proposed model.AISI316L 20 35 500 5
X6Cr17 600 15 450 24
AISI410 720 3 520 20
AISI431 799 20.8 925 128
AISI4140 560 6 550 14
AISI4340 588 11.4 1185 143
AISI7140 570 12.4 930 124.5
H10 600 15 510 12
H11 486 21 1200 150.5
H12 600 15 580 8
H13 540 17.4 750 33.52. Experimental procedure
2.1. Samples preparation and characterization
Steel cylindrical samples of 100 mm in diameter were
nitrided by varying the nitrogen potential, nitriding tempera-
ture and time. Nitriding process was performed in a laboratory
furnace equipped with a sensor capable to perform measure-
ments of nitrogen potential in the furnace atmosphere. The
sensor is sensible to hydrogen concentration that varies with
ammonia dissociation. In this way it is possible to control the
ammonia ﬂux in order to ﬁx the nitrogen potential. Composi-
tional measurements were performed through EDX microana-
lyses in a Zeiss EVO40 SEM. Residual stresses and nitrides
thickness layers measurements were performed through X-ray
diffraction by using a Rigaku Ultimaþdiffractometer byemploying Hall–Williamson plotting. Hall–Williamson
method [21] is based on the principle that the lattice size
broadening and strain broadening vary quite differently with
respect to Bragg angle. By scannning a surface with X-rays
and measuring the peaks shift of the spectrum, residual strains
(and residual stresses) can be measured. Samples were cut
Table 3
Example of output results measured after nitriding.
Steel N_0 (%) N_200 (%) εs (μm) εf (μm) γ0s (μm) γ0f (μm) Hv_0 Hv_200 σ_0 (MPa) σ_100 (MPa)
AISI1020 0.2 0 0 2 0 2 340 290 70 65
15CrMoV5-9 3 0.1 0 20 0 130 870 520 130 310
AISI5115 3 0.4 0 60 0 210 750 600 110 310
25CrMo20 0.4 0 0 5 0 25 450 310 50 160
31CrMo12 3 0.2 0 25 0 160 950 800 400 600
32CrMoV13 1.4 1.4 0 30 0 210 870 720 350 450
34CrNiMo6 6 0.7 0 170 0 510 990 560 140 250
34CrAlNi7 1 0 0 5 0 70 850 400 260 280
39NiCrMo3 3 0 0 5 0 25 620 340 140 380
42CrMo4 1.3 0.3 0 25 0 360 700 500 50 70
50VCr11 1.3 0 0 40 0 45 1100 380 80 170
AISI304 10 0 0 32 0 75 1280 200 200 120
AISI316L 21 0 0 20 0 40 1100 1060 280 200
X6Cr17 9 0 0 30 0 45 1220 260 90 170
AISI410 2 0.2 0 65 0 180 1200 320 400 540
AISI431 1.2 0 0 6 0 21 590 230 140 460
AISI4140 4 0.6 0 80 0 320 750 520 130 160
AISI4340 7 0 0 7 0 14 470 210 140 390
AISI7140 2 0 0 15 0 90 640 210 110 170
H10 14 0.1 0 20 0 140 1100 510 230 420
H11 11 0 0 30 0 90 840 140 180 490
H12 8 0 0 18 0 170 1070 300 200 540
H13 11 0 0 2 0 11 970 280 290 620
Fig. 2. Correlation matrix describing the different weights between input and output analyzed in the present study.
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residual stresses were measured from the surface to the bulk.
Microhardness was measured by employing a Vickers indenter
with a 1000 gf load for 15 s.
2.2. Database construction
The employed multidisciplinary and multi-objective soft-
ware is written to allow easy coupling to any computer aided
engineering (CAE) tool. It enables the pursuit of the so-called
“Pareto Frontier”: it is the best trade-off between all the
objective functions. The advanced algorithms within can spot
the optimal results, even conﬂicting each other or belonging
to different ﬁelds. The more accurate the analysis is, the more
the complexity of the design process increases. modeFRON-
TIERs platform allows the managing of a wide range of
software and an easy overview of the entire product devel-
opment process. modeFRONTIER's optimization algorithms
identify the solutions which lie on the trade-off Pareto
Frontier: none of them can be improved without prejudicing
another. In other words the best possible solutions are theFig. 3. Nitrogen concentration on the surface as a function of nitrogen potential and
(c).optimal solutions. An attempt to optimize a design or system
where there is only one objective usually entails the use of
gradient methods where the algorithms search for either the
minimum or the maximum of an objective function, depend-
ing on the goal. One way of handling multi-objective
optimization is to incorporate all the objectives (suitably
weighted) in a single function, thereby reducing the problem
to one of single objective optimization again. This technique
has the disadvantage, however, that these weights must be
provided a priori, which can inﬂuence the solution to a large
degree. Moreover, if the goals are very different in substance
(for example cost and efﬁciency) it can be difﬁcult, or even
meaningless, to try to produce a single all-inclusive objective
function.
True multi-objective optimization techniques overcome
these problems by keeping the objectives separate during the
optimization process. It should be kept in mind that in cases
with opposing objectives (an example would be to minimize a
beam's weight, and also its deformation under load) there will
frequently be no single optimum, since any solution will be a
compromise. The role of the optimization algorithm is then tonitriding time for different steels for AISI1020 (a), 42CrMo4 (b), and 50VCr11
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These solutions all have the characteristic that none of the
objectives can be improved without prejudicing another.Fig. 4. Microhardness on the surface as a function of nitriding temperature and nitr
Fig. 5. Different hardening phases as a function of temperature and percentageThe progresses of high performance computing offer the
availability of accurate and reliable virtual environments to
explore several possible conﬁgurations. In real case applica-iding time for different steels for AISI1020 (a), 42CrMo4 (b) and 50VCr11 (c).
of different elements in the Fe–N diagram (a) and Leher diagram (b) [1].
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problem and obtain a model that can be solved quickly.
Usually every single simulation can take hours or even days.
In these cases, the time to run a single analysis makes running
more than a few simulations prohibitive and some other smart
approaches are needed. These factors lead to a Design of
Experiment (DOE) technique to perform a reduced number of
calculations. After that, these well-distributed results can be
used to create an interpolating surface. This surface represents
a meta-model of the original problem and can be used to
perform the optimization without computing any further
analyses.
Once data have been obtained, whether from an optimiza-
tion or DOE, or from data importation, the user can turn to the
extensive post-processing features in modeFRONTIER to
analyze the results. The software offers wide-ranging toolbox,
allowing the user to perform sophisticated statistical analysis
and data visualization. It provides a strong tool to design and
to analyze experiments, it eliminates redundant observationsFig. 6. Hardening effect of the different alloying elements percentage.
Fig. 7. Correlation matrix describing the different weights between input paraand reduces the time and the resources to make experiments.
Design of Experiments (DOE) is a methodology that max-
imizes the knowledge gained from an experimental campaign.
Design of Experiments (DOE) is generally used in two ways.
First of all, the use of DOE is extremely important in
experimental settings to identify which input variables most
affect the experiment being run. Since it is frequently not
feasible in a multi-variable problem to test all combinations of
input parameters, DOE techniques allow the user to extract as
much information as possible from a limited number of test
runs. However, if the engineer's aim is to optimize his design,
he will need to provide the optimization algorithm with an
initial population of designs from which the algorithm can
“learn”. In this setting, the DOE is used to provide the initial
data points.
Exploration DOEs are useful for getting information about
the problem and about the design space. They can serve as the
starting point for a subsequent optimization process, or as a
database for response surface (RS) training, or for checking the
response sensitivity of a candidate solution.
Starting from a database built with experimental results,
computational models were developed (virtual n-dimensional
surfaces) able to reproduce at best the actual process. Through
such analysis it was possible to optimize the output variables
(% N, residual stress, beginning and end nidrides ε, beginning
and end nidrides γ0). The method used for the creation of meta-
models to simulate the actual process through the use of
physical laws with appropriate coefﬁcients to be calibrated was
that of the response surfaces (RS). This method consists of
creating n-dimensional surfaces that are “trained” on the basis
of actual input and output. These surfaces trained on a large
experimental data can give the output numbers that reﬂect the
real process of nitriding. The experimental design consists of
600 input and output obtained from experimental data. To trainmeters and nitrogen concentration at different distances from the surface.
Fig. 8. Scatter charts describing the nitrogen concentration as a function of
nitriding temperature on the surface (a) and at 200 μm thickness (b).
Fig. 9. Nitrogen concentration on the surface as a function of nitrogen
potential (a) and nitriding time (b).
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experimental design inputs and outputs. We used he remaining
20 in the design validation phase.
The computational details were largely described by the
authors in [22].
The nitriding process through the analysis performed by
Mode FRONTIER is summarized in the Workﬂow of Fig. 1.
The workﬂow is divided into data ﬂow (solid lines) and
logic ﬂow (dashed lines) that have the computer node as their
common node. Here physical and mathematical functions
representing the nitriding process are introduced. In the data
ﬂow all input parameters optimized in the numerical simula-




 tempering time,And those output: % nitrogen hardened layer between 5 mm and 600 mm of
distance from the surface of the sample. Residual stress between 5 mm and 600 mm of distance from
the surface of the sample. Hardeness stress proﬁle between 5 mm and 600 mm of
distance from the surface of the sample. Beginning and end nidrides ε.
 Beginning and end nidrides γ0.
2.3. Multi-objective analyses
The output variables deﬁne a multi-goal analysis and have
been minimized taking into account some constraints or
Fig. 10. Correlation matrix describing the hardening phases thickness dependence on the nitriding input parameters.
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that make up the logic ﬂow of numerical analysis are deﬁned.
The ﬁrst node is the DoE, which is the set of different designs
reproducing different possible working conditions. It means
creating a set number of designs that will be used by the
scheduler (the node where the best algorithm is introduced) for
the optimization. Depending on how this space is ﬁlled, the
designs, deﬁned by the scheduler, are more or less truthful.
Therefore the choice of the DoE is to be assessed correctly.
Generally, in this kind of analysis, the heart of the
optimization is represented by a series of equations of chemical
and physical nature of a given resolution to get the desired
output. In the present case, all this information is not clear, due
to the complexity of the process and so it was chosen to
employ the methodology of response surfaces. Optimization
software allows the following of different kinds of RS. For
each output variable to be minimized it is necessary to create a
response surface. The analysis starts from a database built with
data of operating conditions of the sintering plants obtained
from experimental measurements. The database is built by
introducing the input parameters, the corresponding output for
each working condition and the physical correlations between
the different conditions (Tables 1 and 2).
The steel compositions and the nitriding input parameters
examples, performed on the cyclindrical samples, are summar-
ized in the following tables.
3. Results and discussion
The output results, corresponding to the steel compositions
and input parameters previously shown, are listed in Table 3.
As a general behavior microhardness in steels is strongly
dependent on nitriding temperature; on the contrary they aredifferently dependent on the nitrogen potential as a function of
steel composition and nitriding time.
Of the 600 starting designs, 580 were used to generate meta-
models, while 20 designs were employed as designs of control
to verify the affordability of the response surfaces. The choice
of these 20 was taken in order to get the right information on
the entire range of existence of the output variables.
In the present study response surfaces (RS) that are best
suited to deal with a multi-objective optimization were
obtained. The next step is to evaluate the surface performance
and use them as a node operator in our Work Flow. The
available tools are the ones offered by modeFRONTIER, such
as RS distance, the RS residual and RS function plot. Initially
the tool RS distance was employed. It allows to graphically
assess the distance between the real values, provided by the
database, and those generated by the virtual meta-model. The
virtual proﬁle is very close to that of the actual design.
The employment of the so-called “correlation matrix” is
fundamental. It allows to recognize how much the different
variables are correlated between them. The parameters are
strongly correlated if the corresponding value in the table is
distant from zero in a range between 1 and 1; if the value is
1 the parameters are directly correlated, while if the value is
1 the parameters are inversely correlated. An example for
the present study is given in Fig. 2. From the matrix it is also
possible to observe the different weights of all the parameters;
the more the value differs from 0 the more it inﬂuences the
corresponding variable.
The nitrogen concentration, material hardness and residual
stresses at different distances from the surface (0 and 200 μm
for nitrogen and hardness, 0 and 100 μm for residual stresses);
the ε and γ0 nitrides thickness layers dependences on nitriding
parameters are shown. Nitrogen concentration on the surface
Fig. 11. Hardening phases thickness as a function of the nitriding temperature:
ε in (a) and γ0 in (b). Fig. 12. ε Phase thickness as a function of nitrogen potential (a) and nitriding
time (b).
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nitriding time. An example of bubble graph for AISI1020,
42CrMo4, 50VCr11 and all the collected data is given in
Fig. 3.
Fig. 3a shows that nitrogen concentration on the samples
surface increases with nitrogen potential and temperature
increase for AISI1020. An example of linear increase is shown
for 42CrMo4 steel (Fig. 3b). A non-linear dependence is
observed for other steels such as 50CrV11 (Fig. 3c). The
nitrogen concentration at 0.2 mm from the surface (N_200) is
directly dependent on heat treating temperature before nitrid-
ing. It is inversely proportional to nitriding temperature and
nitriding potential. The surface hardness (Hv_0) is dependent
strongly on nitriding temperature, then on nitriding time
(Fig. 4). A linear dependence on nitriding temperature and
time is underlined for AISI1020 (Fig. 4a); for 42CrMo4
(Fig. 4b) and for 50CrV11 (Fig. 4c).
Microhardness, at 0.2 mm from the surface (H_200), is
dependent on the same parameters with almost the sameweight. Surface residual stresses (σ_0) are dependent on the
nitrogen potential. Residual stresses, at 0.1 mm from the
surface (σ_100), are dependent on nitriding temperature and
heat treating temperature. Residual stresses are strongly a
function of the compound layers formed during diffusion.
3.1. Analytical model
Nitriding process leads to the steel hardening thanks to the
diffusion of nitrogen in the interstitial sites of iron. The
phenomenon produces the precipitation of high hardness
nitrides. Nitrides layers are generally:– Surface zone (5–30 μm) with varying portions of Feγ0 Fe4N
(face centered cubic ductile phase) and Fe2–3N (HCP) more
brittle but with very good wear properties.– Another zone (0.05–0.8 mm) that results a solid solution of
nitrogen in the ferrite with the presence of nitrides and
Fig. 13. Correlation matrix describing the different weights between input parameters and hardness at different distances from the surface.
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ﬁne reinforcing particles (Fig. 5).
The analytical model relative to the equations employed to
solve Fick's laws to be implemented in the ﬁnite element code
is largely described in [2].
In the present study, the hardening effect of the alloying
elements has been evaluated through the implementation of the
equations relating the hardness increase as a function of
alloying elements percentage as shown in Fig. 6.
In the present approach, the evaluation of the dependence on
the main input parameters on the nitrogen diffusion has been
analyzed. The scatter matrix of the nitrogen diffusion as a
function of input parameters is shown in Fig. 7.
In the surface layers, a linear dependence on nitrogen
potential can be underlined. The dependence tends to zero
after 300 μm. In the inner layers, a linear inverse proportion-
ality with the nitriding temperature can be observed. In order
to correlate the local nitrogen diffusion to the nitriding
parameters, it is useful to employ scatter charts relative to
single points. In Fig. 8 the nitrogen concentration on the
surface and at a thickness of 200 μm are described.
The optimal nitriding temperature, for the maximum con-
centration of nitrogen on the surface, is around 700 1C; the
optimal nitriding temperature, for the maximum concentration
at 200 μm from the surface, is 600 1C.
Nitrogen concentration on the surface is linearly dependent
on the nitrogen potential while it seems less dependent on the
nitriding time (Fig. 9). The points in different colors belong to
different processing conditions and steels.
The layer's thickness of the different phases was monitored. The
corresponding scatter matrix dependence is shown in Fig. 10.
Hardening phases thicknesses are non-linearly dependent (in
particular with regard to the nitriding temperature) on the input
parameters. A local approach better describes these conditions.The singular hardening phases (CrN, AlN, TiN,…) were not
identiﬁed; in the present paper, thicknesses of the different
layers were evaluated through the coupled variation in hard-
ness and residual stresses. The ε and γ0 thicknesses as a
function of nitriding temperature are shown in Fig. 11.
ε and γ0 reach their maximum thickness for a nitriding
temperature around 600 1C. Their thickness increases with
increasing the nitrogen potential up to 10 atm–1/2, then a
decrease is observed. Hardening phases thickness shows a
maximum for a nitriding time around 15–20 h (Fig. 12).
The experimental results of the present study demonstrated
that the nitrogen potential inﬂuences the maximum surface
hardness values. On the contrary, nitrogen potential does not
inﬂuence the hardness proﬁle; it is strongly inﬂuenced by the
steel composition. The corresponding scatter matrix shows the
correlation between the nitriding parameters and the hardness
proﬁle (Fig. 13).
It is difﬁcult, in such a case, giving some linear dependence
of the hardness proﬁle on the nitriding processing conditions.
By taking into account a local approach we can observe that
the surface hardness increases with the increase of nitrogen
potential for low values, then it decreases with the increase of
nitrogen potential (Fig. 14a). The surface hardness linearly
increases with increasing the nitriding temperature up to 500–
550 1C, then the surface hardness decreases with increasing the
nitriding temperature (Fig. 14b).
An inverse dependence of hardness with nitriding time was
observed. A very interesting phenomenon is the relationship
between the hardness of the inner layers and the γ0 phase
behavior, in particular, a linear increase in the inner hardness is
related to an increase in the γ0 phase (Fig. 15).
Residual stresses in nitride components are mainly due to
the nitrides expansion into the ferrite matrix. Residual stresses
are mainly governed by the nitriding temperature with a strong
drop for temperatures in the range 550–600 1C (Fig. 16).
Fig. 15. Hardness dependence on γ0 phase thickness.
Fig. 16. Surface residual stresses dependence on nitriding temperature.
Table 4
Compositional limits of the nitride steels.
Element
(%)
Fe C Si Cu Mn Cr Ni Mo Al Ti V Co W
Min 63.9 0.01 0 0 0 0 0 0 0 0 0 0 0
Max 100 2.4 1.22 3 2.24 20 12 4.75 1.1 0.5 9.8 12.1 6
Fig. 14. Surface hardness dependence on nitrogen potential (a) and on
nitriding temperature (b).
P. Cavaliere et al. / Journal of Computational Design and Engineering 3 (2016) 71–9082All the results provided by modeFRONTIER can be
employed to develop an analytical instrument to predict the
diffusional and mechanical properties of nitrided specimens.
The dependence of microstructural and mechanical properties
of the nitrided materials, as a function of all the employed
input parameters, can be obtained. An example of such
equations (Eqs. (A1)–(A5)), describing the dependences of
carbon concentration, martensite phase, hardness and residual
stresses at a thickness of 0.05 mm are reported in Appendix A.Table 5
Input parameters limits.
TH (1C) Np (%) TN (1C) tN (h)
0 0.8 350 0.5
799 35 1200 1803.2. Validation
The input parameters training set is underlined in Tables 4
and 5.
The validation set obtained by modeFRONTIER computing
is described in Fig. 17.
Fig. 17. Validation set as a function of nitriding conditions (a) and of steel composition (b).
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Fig. 18. Nitrogen concentration (a), microhardness (b) and residual stresses (c) as a function of the distance from the sample surface for the control design of
15CrMoV5-9 steel.
Fig. 19. Nitrogen concentration (a), microhardness (b) and residual stresses (c) as a function of the distance from the sample surface for the control design of
34CrAlNi7 steel.
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Fig. 20. Nitrogen concentration (a), microhardness (b) and residual stresses (c) as a function of the distance from the sample surface for the control design of
AISI304 steel.
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results were compared.
The results in terms of microhardness, nitrogen proﬁle and
residual stresses of the control designs are shown in Figs. 18–
21. The nitriding conditions are described in Table 4.
An excellent agreement between experimental and numer-
ical results for the nitrogen concentration and microhardness
proﬁles can be recorded. In some cases, such agreement differs
for the residual stresses proﬁles (e.g. Figs. 19c and 20c). It
probably depends on the range of experimental input ﬁxed for
the singular steel (e.g. AISI 304). In addition, the disagreement
could be due to the employed measurement method that can be
applied after the samples cut, such cut inﬂuences the residual
stresses relaxation (Table 6).
For the main validation designs also the calculation of the
precipitation layers thickness is in good agreement with the
experimental measurements (Fig. 22). Nitriding conditions for
each control design are described in Table 7.
The mean square error (MSE) applied on the points of
measurement of the speciﬁc size of output was employed for
the error calculation. Expressing the discrepancy betweenexperimental and numerical values as follows:
Δyi ¼ yexp;iynum;i ð1Þ
The mean square error (MSE) for the outputs representative of







The mean square error for the 10 selected control designs is
given in Table 8:
3.3. Finite element modeling (FEM) calculation and
optimization
The ﬁnite element calculations were performed on cylind-
rical samples; the geometry is cylindrical but all the procedures
can be applied to whatever kind of geometry with the only
condition that the nitriding atmosphere is not stagnant (i.e. free
to ﬂow). The only requirement on the mesh is related to its
reﬁnement close to external surface: since the nitriding
phenomenon affect very small thicknesses is mandatory to
Fig. 21. Nitrogen concentration (a), microhardness (b) and residual stresses (c) as a function of the distance from the sample surface for the control design of
AISI420 steel.
Table 6
Nitriding conditions for the control designs.
Steel TH (1C) Np (%) TN (1C) tN (h)
15CrMoV5-9 500 8 550 50
34CrAlNi7 550 26.4 900 128
AISI304 20 10 500 20
AISI420 640 3 540 4
P. Cavaliere et al. / Journal of Computational Design and Engineering 3 (2016) 71–9086build up a suitable mesh in terms of very reduced elements
layers. The thickness and layer generation is driven by
“inﬂation” option mesh for which the user has just to insert
the maximum size along with the mesh which has to be more
reﬁned and the proper number of layer at the aim to describe
the physical phenomena. For nitriding process the maximum
penetration of N is 600 μm (Fig. 23). The Elements Type were
“Solid 187”, higher order 3-D, 10-node element. Convergence
criterion is given by default settings, that is L2 norm with out-
of-balance convergence checking (in which the difference
between vector of applied loads and vector of restoring loads
corresponding to the element internal loads is considered).The material database is built by assigning the nitriding
performances for each steel in terms of compositions; in this
way it is possible to choose the optimal steel for each needed
nitriding output and, at the end of the optimization phase,
design a speciﬁc steel to reach the needed nitride conditions. In
the ﬁrst case it is possible to perform the simulation with ﬁxed
nitriding conditions on different steels in order to choose the
best composition ﬁtting with the needed mechanical properties.
The second case is realized for those conditions with the user
needs to design a new steel for very speciﬁc performances. The
platform is designed to ﬁx up to 3 objective functions in terms
of mechanical properties (hardness, nitrogen concentration,
P. Cavaliere et al. / Journal of Computational Design and Engineering 3 (2016) 71–90 87residual stresses). All the input parameters are given to the
meta-models through modeFRONTIER. The post-processing
of the runs is the optimization phase.
In the optimization study, different objective functions, to be
related to mechanical properties to be optimized under physical
constraints, are identiﬁed. The identiﬁed mechanical propertiesFig. 22. Thickness comparison between numerical and experimental data for
10 control designs with regard to ε (a) and γ0 (b) phases.
Table 7
Nitriding conditions for the control designs.










18HGT 617 26were hardness and residual stresses. By taking a look into the
hardness behavior it was decided to maximize the bulk
hardness, at different distances from the surface, and the
surface hardness. After the convergence test, the Pareto
analyses allow to identify the better compromise between the
two functions. The results showed an excellent agreement for
the nitrogen concentration and hardness. A more pronounced
shift of numerical data from experimental ones can be under-
lined for the residual stresses. At the end of the analyses the
hardness proﬁles as a function of the number of runs were
identiﬁed (Fig. 24), and for those proﬁles the processing
parameters to be employed for the achievement of the desired
mechanical properties were obtained (Fig. 25).4. Conclusions
In the present paper experimental data, ﬁnite element
calculations, and multi-objective optimization were integrated
in order to develop a model capable of predicting mechanical
properties, microstructural evolution and phase transformations
during steel nitriding as a function of chemical compositions of
steel and processing parameters. From the experimental results
the mapping of nitrogen concentration, microhardness, residual
stresses, and precipitate distribution as a function of different
processing parameters for various steels was obtained. The
results were summarized in a database useful for the further












Mean square error for the nitriding output for each selected control design.
Design N (%) Hv (Vickers) ε (μm) γ0 (μm) σ (MPa)
1 0.45 19.32 0.61 18.85 69.79
2 0.18 28.15 0.58 29.60 103.7
3 1.79 97.04 38.88 111.81 85.84
4 0.33 49.07 10.12 51.66 47.81
5 1.5 83.23 7.47 35.13 61.86
6 0.07 59.62 0.33 13.43 97.84
7 0.05 134.65 2.60 35.26 24.37
8 0.28 38.53 1.3 9.33 108.99
9 0.44 35.91 51.96 17.38 46.29
10 0.45 35.21 21.19 14.49 58.33
Fig. 23. Mesh geometry of the nitride samples.
Fig. 24. Different hardness proﬁles as a function of the computational runs.
P. Cavaliere et al. / Journal of Computational Design and Engineering 3 (2016) 71–9088the numerical ones. From the analyses of the correlation
matrixes it was calculated that nitrogen concentration on the
surface is strongly dependent on nitrogen potential and on
nitriding time then on nitriding temperature with different
weights; surface hardness is dependent strongly on nitriding
temperature then on nitrogen potential with different weights;
residual stresses on the surface are dependent on the nitrogen
potential while the residual stresses in the inner layers are
dependent on nitriding temperature; residual stresses are
strongly function of the compound layers formed during
diffusion. A deep local analyses allowed to calculate the
dependence of mechanical and microstructural behavior, at
ﬁxed distances from the surface, on all the employed experi-
mental processing parameters. All the data were employed forthe calculation and optimization through modeFRONTIER and
ANSYS in order to develop an analytical instrument capable of
predicting the microstructure and mechanical properties of
steels during nitriding in a broad range of conditions. In
particular, a generalized solution of Fick's law was obtained
and the equations relating microstructural and mechanical
properties (nitrogen concentration, nitrides layers, microhard-
ness and residual stresses) of different steels as a function of
nitriding parameters were calculated. The calculations led to
the deﬁnition of the independent coefﬁcients solved by
ANSYS through modeFRONTIER my matching in closed
loops the solutions with the experimental data. In the valida-
tion phase, the correlation between experimental and numerical
results (obtained by the previous described procedure) was
Fig. 25. Processing parameters chart for the optimized hardness proﬁles.
P. Cavaliere et al. / Journal of Computational Design and Engineering 3 (2016) 71–90 89analyzed for selected control design belonging to AISI1020,
15CrMoV5-9, 31CrMo12, 34CrAlNi7, 39MoAlCr15,
AISI304, AISI420, M2, V2, 18HGT steel. At the end of the
study different designs were identiﬁed optimized to achieve the
maximization of surface and bulk hardness of the
nitrided steel.
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Appendix A
N_0¼1.1264495247462203þ ((((cos(((1 (Mnþ ln(Np)))/
cos((exp(Cr) (Ti exp(Cr))))))þ (cos((cos((Ti exp(tN)))þ
((exp(Ti) ln(TN))þ ln(Np))))þ (Mnþ ln(Np)))) cos((exp((ln(tN) ((Mnþ ln(Np)) sin(V))))/tN)))cos((((cos((Ti exp
(Np)))tN)þ ((ln(Np)/cos((Ti exp(Np))))/cos((Ti (Ti exp
(Np)))))) cos(exp(((MnþMn)/cos((1 sin(Mn)))))))))þ
((((((Tiþ ln(Np)) cos((ln(Np)/tN))) cos((cos((Ti ln(TN)))/
tN)))cos(((((Cþexp(Ti)) (Tiþ ln(Np))) cos((Ti exp
(Np)))) cos(((Mnþ ln(Np))þsin(V)))))) cos((((Co cos
(Np)) cos(Np)) cos((ln(Np) cos((Ti Si)))))))cos(exp
(((MnþMn)/cos((V cos((Co-Mn)))))))))
Equation A1: Nitrogen concentration on the samples sur-
face as a function of processing parameters and steel
composition.
N_200¼0.8191165912391943þ (cos(sin(ln




(TH)) exp(Mn)))þ ((((V/cos(C))þ (exp(Mn)/cos(TH)))þ (exp
(Mn)/cos(TH)))þ (exp((cos(TN)þcos(TN))) cos(TH))))))))
Equation A2: Nitrogen concentration at a distance of
200 μm from the nitride surface as a function of processing
parameters described into nomenclature and alloying elements.
HV_0¼1202.6242028807285þ ((((((((((Cr/0.1) (V/
0.1)) (Fe/(Moþ tN))) (((V/0.1)þ0.1)þ (Niþ tN))) (Fe/
((Al/0.1)þNp))) ((Fe ((Al (TN/10))þ1))/(Crþ ((V/0.1)þ
1)))) (Fe/((Mo/(((Crþ1)/(Vþ tN))/(Wþ (Wþ tN))))þ ((V/
0.1)þ1)))) ((Fe (((Cr/0.1) (Fe/((V/0.1)þ1)))þ1))/((V/
P. Cavaliere et al. / Journal of Computational Design and Engineering 3 (2016) 71–9090((Crþ tN)/((Fe/10)þ ((Crþ1) (V/0.1)))))þ (((Al/(10/
(tNþ tN)))þMn)þ1)))) (((Fe (((Cr/0.1) (Fe/((Vþ tN)þ
1)))þMo))/((V/((((Crþ1) (V/0.1)) (Fe/(Crþ1))) ((10/
(Vþ tN))þ (Wþ tN))))þ (((((Cr/0.1)/(WFe))/((Fe/tN)/0.1))þ
Mn)þ1)))/((V/(((Al/(10/(WþFe))) (Fe/(S (TN/10))))
((Fe/(Crþ tN))þ ((10/(Fe/tN))/(Cþ (Crþ1))))))þ ((((Al/(10/
(0.1þ tN)))/((10/(Vþ tN))/(Wþ (Alþ tN))))þ (Mo/((10/
(Vþ tN))/(10/(Crþ1)))))þ1)))) (TN/(Fe/((((Crþ1)þ10)þ
V)þ10))))
Equation A3: Hardness concentration on the samples sur-
face as a function of processing parameters described into
nomenclature and alloying elements.
ef¼279.8784048207975þ ((((cos((((ln(TN)0.1)þ
((MnS)/(ln(TN)exp(C))))þ (((Ti0.1)0.1)þ (ln(TN)þ
(ln(TN)þ ln(TN)))))) (ln(((tNþexp(exp(C)))þ (((MnS)
exp(1))Mo)))þ (((exp(C)Si)0.1)0.1)))þ (cos(((ln
(TN) ((MnS)/(Mn0.1)))þ (ln((ln(TN) (MnNi)))þ ((ln
(TN)þNi)þ (ln(TN)þ ln(TN))))))þ (((((ln(TN)0.1)þ
((MnS)/(Mn0.1)))þ ((ln(TN)Si)þAl))þ (Alþ
(((Mn0.1)0.1)þ (ln(TN)þ ln(TN)))))þ (ln((tNþexp(exp




(TN)þNi))))þ (((((((Mn0.1)þ (ln(TN)þ ln(TN)))þ (ln(TN)þ
ln(TN)))þ (Alþ ((ln(TN)Si)þ (ln(TN)þ ln(TN)))))þ (ln
((tNþexp(ln(TN))))þ ((cos(TN)þ (ln(TN)þ ln(TN)))Si)))/
((((ln(TN)0.1)0.1)0.1) ((Mn-S)/(((Mn-S)/(Mn-0.1))
exp(C)))))þNi)))
Equation A4: Thickness of the ε nitrides as a function of
processing parameters described into nomenclature and alloy-
ing elements.
g0f¼98.68824774543444þ (((Fe (((((TN 0.1) (sin
((V 10)) 10)) ((sin(ln(TN)) 10) 10)) (sin
((((TN 0.1) ln(TH))/ln(TH))) (ln(tN) 10))) (Co-
(((((TN 0.1) (V-Np)) (ln(tN) 10)) (ln(tN)-Np)) (Al
((ln(tN) ln(TN)) ln(TH)))))))þ ((S ((((((Mn/Np)þFe)
((Mn-Si) (TN 0.1))) ((TN 0.1)10)) (ln(TH) ln
(TN))) (Al ((ln(tN) (ln(tN) 10)) (((TN 0.1) (Mn-
Si)) (ln(tN) ln(TN)))))))/Np)) (((((((TN 0.1) ((Mn-Si)
10)) ((sin(ln(TN)) 10) 10)) ((((TN 0.1)10)/(S10))/
(S10))) ln(10)) ((sin((((TN 0.1)10)/((ln(TH) ln
(TN))10))) (ln(tN) 10)) ((((((TN 0.1) ln(TN)) (ln
(tN) ln(tN))) ((V 10)þFe)) ((Mn-Si)Cr))Fe)))
((sin((((TN 0.1)10)/((ln(TH) ln(TN))10))) (sin
((((TN 0.1)10)/(S-10))) (ln(tN) 10)))þ ((Al/(((((S-Fe)
ln(TN))Np) (((TN 0.1) ln(TH)) ((þp_Fe)))Ni))
(((((TH P) (V 10))0.1) (Vþ10)) (sin((((TN 0.1)
10)/(S10))) (ln(tN) 10)))))))
Equation A5: Thickness of the γ0 nitrides as a function of
processing parameters described into nomenclature and alloy-
ing elements.
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